In Flanders, approximately 1014 accident locations are currently considered as 'dangerous'. These 'dangerous' accident sites or 'black spots' are selected by means of their historic accident data for the period 1997-1999. More specifically; a combination of weighting values, respectively 1 for each light injury, 3 for each serious injury and 5 for each deadly injury (1_3_5), is used to rank and select the most dangerous accident locations. In this paper a sensitivity analysis is performed to investigate the impact on the identification and ranking of black spots of 3 different weighting value combinations representing a different attitude towards the traffic safety problem: avoiding all accidents (1_1_1), all deadly accidents (1_1_10) and all accidents with serious or deadly injuries (1_10_10). Furthermore, effects of using the expected number of accidents, estimated from a hierarchical Bayesian model, instead of the historic count data to rank and select the accidents sites are evaluated. Results show that a different attitude towards the traffic safety problem and the choice of the corresponding injury weighting values on the one hand and using estimates in stead of count values on the other hand do have important consequences for the selection and ranking of black spots. Not only will this have an important impact on the number of accident locations that will receive a different ranking order, it will also have an important effect on the type of accident locations that are selected as 'dangerous' and accordingly on the resulting future traffic safety decisions.
INTRODUCTION
In 2000, 49065 traffic accidents with casualties occurred on the Belgian public roads. In these accidents 1470 people were killed, while 9847 people were seriously injured and 58114 people were lightly injured. In that same year, the probability of having a deadly accident (relatively to the number of vehicle-kilometers traveled) was almost 28% higher in Belgium than the European average. Based on these figures, Belgium has a bad record towards traffic safety in comparison with most other European countries (1) . Furthermore, the steady increase in traffic intensity does not only pose a heavy burden on the society in terms of the number of casualties, the insecurity on the roads will also have an important effect on the economic costs associated with traffic accidents (2) . In Belgium, this macro-economical loss due to the lack of traffic safety on the roads is estimated at 3.72 billion Euros per year (3) . Accordingly, traffic safety is currently one of the highest priorities of the Belgian government.
In this paper, we will focus on the identification of geographical locations with highly concentrated traffic accidents to provide valuable input for government actions towards traffic safety. Methods developed for identifying such accidents concentrations often apply to black spots, which are pinpoint concentrations of road accidents that often migrate over time (see e.g. (4), (5), (6) , (7), (8) , and (9)). More recently, identification of black zones has also been reconsidered in the literature (see (10) for a review); they arise from the awareness of the spatial interaction existing between contiguous accident locations. In general, we can state that there is no universally accepted definition of a black spot or a black zone. According to Hauer (8) some researchers rank locations by accident rate (accidents per vehicle-kilometers or per entering vehicles), some use accident frequency (accidents per km-year or accidents per year) and some use a combination of the two. Another dimension of diversity in practice is that rank may be determined by the magnitude (of either of rate or of frequency) or, as is more common, by the amount by which the rate or frequency exceed what is normal for such sites. According to The Bureau of Transport and Regional Economics of Australia (11) locations are in general classified as black spots after an assessment of the level of risk and the likelihood of a crash occurring at each location. At certain sites, the level of risk will be higher than the general level of risk in surrounding areas. Crashes will tend to be concentrated at these relatively high-risk locations. Locations that have an abnormally high number of crashes are described as crash concentrated, high hazard, hazardous, hot spot or black spot sites.
In Flanders (the Flemish speaking community of Belgium), approximately 1014 accident locations are currently considered as 'dangerous'. These 'dangerous' accident sites or so-called black spots are selected by means of their historic accident data for the period 1997-1999. Based on these data, each site where in the last 3 years 3 or more accidents have occurred, is selected. Then, a location is considered to be dangerous when its priority value (P), calculated using the following formula, equals 15 or more (2): P = X + 3*Y + 5*Z, where X = total number of light injuries Y = total number of serious injuries Z = total number of deadly injuries
To improve the traffic safety on these locations, the Flemish government, will each year, starting in 2003 for a period of 5 years, invest 100 million EURO to redesign the infrastructure of the 800 black spots with the highest priority value.
However, the choice for the different parameters used in the priority value formula will greatly influence the ranking and selection of the most dangerous accident locations. Furthermore, accident counts are used to target locations with a number of accidents exceeding a chosen threshold as hot spots. This method is very sensitive to random variation in accident counts and to the regression to the mean problem (see e.g. (12), (13) ). Therefore, in this research we will perform a sensitivity analysis to investigate the strengths and weaknesses of the currently used method to identify and rank black spots. More specifically, we will evaluate the effect of changing the 1_3_5 weighting values on the ranking and selection of the most dangerous accident locations. Not only will we evaluate the changes in the ranking orders for the 1014 accident locations that are currently considered as most dangerous, we will also investigate the effects on the ranking order of respectively all accident locations of Flanders for the years 1997-1999 and all accident locations where at least 3 accidents occurred between 1997-1999. Furthermore, we will evaluate the effects of using the expected number of accidents, estimated from a hierarchical Bayesian model, instead of the historic count data to rank and select the accidents sites.
The remainder of this paper is organized as follows. First a formal introduction to the hierarchical Bayesian model and to the statistical techniques used in this research is provided. This will be followed by a description of the dataset. Next the results of the empirical study are presented. The paper will be completed with a summary of the conclusions and directions for future research.
TECHNIQUES

Hierarchical Bayesian Model
A number of statistical models have been used to estimate accident rates and/or accident frequencies at a specific location over a given interval of time (see (14) , (8) , (15) and (16) for a review). The underlying assumption is that road accidents can be treated as random events with an underlying mean accidents rate for each accident location. To account for this probabilistic nature of accident occurrence compelling arguments can be found to support the assumption that accidents counts follow the Poisson probability law (17 (14) introduced the Poisson-gamma generalized linear model which is now widely accepted (see e.g. (26) and (24)), allowing the Poisson mean to vary between locations.
More recently, Emprical Bayes methods are used in road safety to identify black spot locations arguing that adjusting historical data by statistical estimates yields improved predictability (see e.g. (13), (21), (28) and (28)). Furthermore, the use of ranking procedures based on a hierarchical Bayesian approach has been proposed in literature. These methods can handle the uncertainty and the great variability of accident data and produce a probabilistic ranking of the accident locations. Although the use of hierarchical Bayesian models in traffic safety is less widespread (see (17) for a review), the approach has been applied to ranking problems in various other application domains, like educational institutions or hospitals (see, e.g. (29)) as well as in traffic safety ( (30)). Recently, Tunaru (31) proposed a hierarchical Bayesian approach for ranking accidents sites based on a bivariate Poisson-lognormal distribution. This approach was extended by Brijs et al. (17) by considering a more realistic model for the accident behavior taking into account the number of accidents, the number of fatalities, and the number of light and severely injured casualties for a given time period for each site. This is done by using a 3-variate Poisson distribution which allows for covariance between the variables. The parameters of the model are estimated via Bayesian estimation facilitated by MCMC methods. In order to combine all data into a single number that will be used for ranking the sites, a cost function can be used that measures the 'cost' of an accident according to the number of fatalities, heavy an light injured casualties. A more detailed description of the technique can be found in Brijs et al. (17) . Obviously, this technique allows to use several cost functions based on different weighting value combinations, allowing to investigate the effect of altering the 1_3_5 weighting values on the ranking and selection of the most dangerous accident locations.
Percentage Deviation Value
To quantify the effects of changing the ranking and selection criteria of black spots, we will use the percentage deviation value. This measure allows to compare the rankings of two datasets containing different elements. For example, when considering the 800 most dangerous accident locations, it is possible that changing the weighting values of the ranking criterion will cause new accident locations to come into the top 800 black spots while other locations are removed from this data set. Therefore, we will use the percentage deviation value to calculate the changes in the ranking order of the accident locations. As described in definition 1, the percentage deviation is calculated by dividing the number of accident locations that do not appear in both data sets by the total number of elements in one dataset. When the percentage deviation value is small, the two ranked datasets will contain a great number of common elements. In a traffic safety context, this could for example mean that the current priority list of 800 black spots is rather stable, regardless of the used weighting values or the consideration of the number of passengers in the analysis. However, note that the percentage deviation only gives information about the number of accident locations that do not appear in both ranked datasets and does not take into account internal shifts in the ranking position of these common accident locations.
DATA
To allow for a sensitivity analysis on the currently used black spot criterion, this study is based on the same data used to select and rank the 1014 currently considered most dangerous accident locations. These data originate from a large data set of traffic accidents obtained from the National Institute of Statistics (NIS) for the region of Flanders (Belgium) for the period 1997-1999. More specifically, the data are obtained from the Belgian "Analysis Form for Traffic Accidents" that should be filled out by a police officer for each road accident that occurs on a public road (i.e. motorways, national and provincial roads linking towns) and that involves casualties, since the location of these accidents is accurately known by means of a hectometer stone marker. These traffic accident data contain a rich source of information on the different circumstances in which the accidents have occurred: course of the accident, traffic, environmental conditions, road conditions, human conditions and geographical conditions. As explained in the previous section, the accident data needed to perform this sensitivity analysis will be limited to the number of accidents per accident location. Furthermore, these data will only contain the number of fatalities and the number of light and serious casualties per accident location.
In total, 50961 traffic accidents with casualties are reported in this period. To account for crossroads and accordingly prevent double counts of accidents on multiple streets, the corresponding accident locations are corrected and are allocated one unique location identifier per accident. This results in 23184 unique accident locations included in the data set. On the one hand, we will focus on the 1014 most dangerous accident locations to explore the sensitivity of their ranking orders when using adapted weighting values and estimates in stead of count values. On the other hand, we will concentrate on all of the 23184 accident locations and all accident locations where at least 3 accidents occurred between 1997 and 1999 to evaluate the stability of the current list of black spots when using different selection criteria.
RESULTS
Evaluating The Ranking Order Of The 1.014 Currently Most Dangerous Accident Locations
Using Different Weighting Values
As explained in the introduction of this paper, the 1014 most dangerous accident locations are currently ranked and prioritized using respectively the values 1, 3, 5 as the different weighting values for a lightly (LI), seriously (SI) or deadly injured (DI) casualty of an accident. important. Therefore, all accidents are evenly important and should be avoided, regardless of the severity of the injury.
• 1_1_10: Using these weighting values, attention will be focused on accidents with deadly injured casualties.
Accidents with lightly or seriously injured casualties receive relatively small attention.
• 1_10_10: This last group of weighting value combinations discriminates between accidents with small injuries on the one hand and accidents with serious or deadly injuries on the other hand. It is assumed that a seriously injured person could just as easily have been killed in the accident and the other way around. Lightly injured persons, however, are assumed to be characteristic for less serious accidents and will be less taken into account when identifying black spots.
• 1_3_5: These combinations of weighting values use a more moderate approach to stress the importance of deadly accidents. As the injury types are more serious, the accident is considered to be more important. Note that the current black spot selection criterion is based on this proportion of weighting values.
Results of table 1 show that when changing the 1_3_5 weighting value combinations, this causes the different location subsets to deviate from the original 1_3_5 location subsets from 12.5% to 23.5%. This means that in the most extreme case, 23.5% of the accident locations considered belonging to the 15% most dangerous accident locations of the 1014 dangerous accident locations using 1_3_5 weighting values do not appear in the top 15% when changing the weighting values to 1_1_1. On the other hand, when changing the weighting values to the combination 1_1_10, only 12.5% of the resulting most dangerous accident locations will differ from the currently 800 selected black spots. These results illustrate that a different attitude towards the traffic safety problem and the choice of the corresponding injury weighting values in combination with the size of the subset of the accident locations that is considered has important consequences for the selection and ranking of black spots and for traffic safety actions in general.
Furthermore, results of table 1 show that the percentage deviation values of the different weighting value combinations differ greatly amongst each other. The more the weighting values deviate from each other, the greater the variability of the black spots will be. For example, when comparing the top 15% (of the 1014 most dangerous accident locations) calculated using the weighting value combination 1_10_10 and the weighting value combination 1_1_1, table 3 shows that 43.8% of the accident locations in this subset will differ from each other. When comparing this result with the previous results, it can be seen that this percentage deviation value is more extreme than the values related to the 1_3_5 weighting combination (respectively 23.5% and 21.5% for the top 15%). This can be explained by the more 'general' character of the 1_3_5 weighting values, which does not differ as greatly from the other weighting value combinations. However, note that although both weighting value combinations practically have an equal impact on the number of accident locations that will differ in the top 15%, the actual accident locations that change in this subset will not be the same.
Finally, the percentage deviation values are on average smaller when more accident locations are involved in the analysis. A possible explanation could be that the accident locations with a higher ranking value, according to the 1_3_5 weighting values, are more sensitive to changes in the weighting values than the accident locations with smaller ranking values. However, we should take into account that the greater the top of accident locations that is considered for analysis (X), the more accident locations can obtain a different ranking order without falling out of the top X% most dangerous accident locations. As explained in one of the previous sections, the percentage deviation value gives no information about these internal changes in ranking orders. Table 2 shows the results of the comparative analysis between the location rankings based on count values and the location rankings based on Bayesian estimates.
Using Bayesian Estimation
<INSERT TABLE 2 HERE>
More specifically, table 2 gives the number of accident locations that appear for different subsets of the data set as well in the ranking based on the count values as in the ranking based on the Bayesian estimates. Furthermore, these same results are translated into percentage deviation values to give an indication of the differences in raking orders the Bayesian method results in.
These results show that using Bayesian estimation techniques in stead of the historic count data while using the same weighting value combination can lead to the selection of 3.9% to 10.6% different accident locations. These results are shown on the diagonals of the table. When selecting the 800 most dangerous accident locations using the 1_3_5 weighting values this leads to the selection of 8.5% or 68 different accident locations. Translated into costs, this means that theoretically 8.5 million EURO of the 100 million EURO investment budget for redesign is allocated partly due to the random variation in accident counts.
Additionally, the results of table 2 allow to estimate the effect of a change in the parameter weights combined with the use of Bayesian estimation values in stead of count data. For example, from table 1 it is shown that when selecting the 15% most dangerous accident locations a change in the parameter values from 1_1_1 to 1_10_10 can lead to a selection of 43.8% different accident locations . When also using Bayesian estimation, table 2 shows that this can even result in the selection of 45.1% different accident locations when comparing the rankings of the 1_1_1 Bayesian estimations with the ranking of the 1_10_10 count values, and even 50.3% different accident locations when comparing the rankings of the 1_1_1 count data with the ranking of the 1_10_10 Bayesian estimations. Note that these percentage deviation values will be higher that the percentage deviation values reflected on the diagonals of the table, which naturally can be explained by the effect of changing the weighting value combinations.
Finally, note that conform to the results of table 1 the percentage deviation values will be smaller when more accident locations are selected.
Evaluating The Ranking Order Of All Accident Locations
Using Different Weighting Values
In this section we will look at the consequences of changing the injury weighting values on all 23184 accident locations of Flanders. This allows to explore the sensitivity of the ranking orders of all accident locations, including the locations that are currently not considered as being very dangerous. Table 3 shows the percentage deviation values for the three combinations of weighting values representing different attitudes towards the traffic safety problem (see previous section) for different subsets of all accident locations.
< INSERT TABLE 3 HERE >
Results of this table show that when selecting the 800 most dangerous accident locations using the different combinations of weighting values, the 'new' black spots will contain between 21.6% and 24.6% different accident locations compared to the 800 most dangerous accident locations selected by the 1_3_5 values. These results show that the concept of black spots is rather relative and depends strongly on the chosen traffic safety policy. Note that these figures differ from the results in table 1 for the top 800. This can be explained by the fact that the top 800, which in both tables is selected by the 1_3_5 conditions and which is used to calculate the percentage deviation values with the other weighting values, differs in the two tables. In this last analysis, we do not select the locations with a minimum of 3 accidents in the last 3 years first. Nor does the priority value need to exceed 15.
Furthermore, when considering subsets of different sizes of all the accident locations and comparing the results with these of the 1_3_5 weighting values the percentage deviation values will vary from 0.5% to 24.6%. Similar to the results of the previous section, these percentage deviation values are on average smaller when more accident locations are involved in the analysis. For example, when using the 1_10_10 values to determine the subset of 70% most dangerous accident locations, only 0.5% of these accident locations will differ from the results of the 1_3_5 weighting combination. As explained in the previous section, this can be a result from the inclusion of more accident locations which allows more internal shifts without falling out of the subset. However, when comparing these results with the percentage deviation value for the 1_1_1 weighting values to identify the top 70% (9.8%), we can conclude that, although the size of the subset increases, still some significant changes can appear depending on the weighting values.
Next, comparing amongst each other the differences in the selection of the accident locations by the different weighting value combinations leads to some interesting results in accordance with the results of table 1. For example, when comparing the top 800 of all accident locations calculated using the weighting value combination 1_10_10 and the weighting value combination 1_1_1, table 3 shows that 44,6% of the accident locations in this subset differ from each other. When comparing this result with the results related to the 1_3_5 weighting values again it can be seen that this percentage deviation value is more extreme for the different weighting value combinations amongst each other. Additionally, although results from table 3 show that the impact of both weighting value combinations on the number of accident locations that will differ in the top 800does not vary strongly (respectively 21,6% and 24,5% for the 1_1_1 and 1_10_10 combination), the actual accident locations that change in this subset will not be the same.
Using Bayesian estimation
In table 4 the results of the comparative analysis between the location rankings based on count values and the location rankings based on Bayesian estimates for all 23184 accident locations are presented.
<INSERT TABLE 4 HERE>
Similar to the results presented in table 2, the values on the diagonals of this table represent the effect of using Bayesian estimation values in stead of historic count data while using the same weighting value combination to select different subsets of the 23184 accident locations.
These results show that this ranking procedure can lead to the selection of approximately 0.0% different accident locations for the 1_3_5 and 1_10_10 weighting values when selecting the top 40% most dangerous accident locations, up to 18,2% different accident locations for the 1_1_10 weighting value combination when selecting the 800 most dangerous accident locations. Again, these results show that selecting the 800 most dangerous accident locations based on historic accident data could cause 18% or 18 million EURO of the investment budget for redesigning these accident locations to be 'randomly' allocated.
Furthermore, results of table 4 show the effects of change in the parameter weights combined with the use of Bayes estimation in stead of count data. The maximum percentage deviation value of this table shows that this ranking procedure can lead to the selection of 46,0% different accident locations when comparing the 1_1_1 Bayesian ranking with the 1_10_10 counts ranking for the 800 most dangerous accident locations. This results is slightly higher than the percentage deviation value of table 3 for the same subset and the same weighting value combinations. As mentioned for the results of table 2, the percentage deviation values will be smaller when more accident location are considered in the subset.
Evaluating The Ranking Order Of All Accident Locations with min. 3 accidents between 1997-1999
Using Different Weighting Values
In this last section we will investigate the effects of changing the injury weighting values on all accident locations of Flanders where at least 3 accidents occurred between 1997 and 1999. Note that this is currently one of the conditions (besides the priority value) for an accident location to be considered as dangerous (see introduction). Therefore, analyzing the impact of the injury weighting values on the ranking orders of these 5326 accident locations allows a more realistic exploration of the sensitivity of the ranking and selecting of dangerous accident locations when using different weighting values. Table 5 shows the percentage deviation values for different combinations of weighting values and for different subsets of the accident locations with at least 3 accidents, all related to the ranking order of the currently used 1_3_5 weighting values.
< INSERT TABLE 5 HERE >
These results show that depending on the chosen injury weighting values, selecting subsets of the most dangerous accident locations can deviate from the 1_3_5 location subsets from 6,9% to 22,1%. More specifically, when selecting the 800 most dangerous accident locations using the 1_10_10 weighting values, 22,1% of these accident locations will differ from the 1_3_5 selection. Note that for the top 800, these results strongly coincide with the results of table 3 although in this analysis the extra criterion of minimum 3 accidents per location was used. Furthermore, analogously to the results of table 1 and table 2 Furthermore, results show that the results of these different weighting values differ greatly amongst each other. For example, when selecting the 800 most dangerous accident locations, for both the 1_1_1 as for the 1_10_10 weighting value combinations approximately 20% of the selected locations will differ from the locations selected with the 1_3_5 injury weighting values. However, amongst each other 40% of the 800 selected accident locations will differ. Once more, these percentage deviation values will decline when more accidents are involved in the analysis. Table 6 presents the results of a comparative analysis between ranking based on historic count data on the one hand and Bayesian estimation on the other hand. This analysis is performed for the accident locations where at least 3 accidents occurred in the last 3 years.
Using Bayesian estimation
<INSERT TABLE 6 HERE>
The results on the diagonals of table 6 show that using Bayes estimation in stead of historic count data to rank and select the accident locations can lead to a maximum percentage deviation value of 5.7% for the 40% most dangerous accident locations using the 1_1_1 weighting values. Note that compared to the results of table  2 and table 4 this maximum value is relatively low. However, this still means that almost 6% of the accident locations that are considered to belong to the top 40% most dangerous accident locations are not considered as dangerous when using Bayesian estimation and vice versa.
Furthermore, when results of table 6 show that a change in the parameter weights combined with the use of Bayes estimation can lead to even higher percentage deviation values. For example, from table 5 it is shown that when selecting the 40% most dangerous accident locations a change in the parameter values from 1_1_1 to 1_10_10 can lead to a selection of 26.1% different accident locations . When also using Bayes estimation, table 6 shows that this can result in the selection of 27.1% different accident locations when comparing the rankings of the 1_1_1 Bayesian estimations with the ranking of the 1_10_10 count values, and even 30.2% different accident locations when comparing the rankings of the 1_1_1 count data with the ranking of the 1_10_10 Bayesian estimations. Analogously to the previous results, the percentage deviation values will decrease when more accident locations are selected in the subset.
CONCLUSIONS AND FURTHER RESEARCH
In this paper a sensitivity analysis is performed to investigate the strengths and weaknesses of the currently used method to identify and rank black spots. This analysis shows that a change in the traffic safety policy and the reflection of this choice in the injury weighting values used to identify and rank the most dangerous accident locations will not only have an important impact on the number of accident locations that will change when selecting and ranking black spots, it will also have an important effect on the type of accident locations (e.g. locations with high traffic volumes resulting in many small accidents) that are selected and accordingly on the resulting future traffic safety decisions. Government should therefore carefully decide which priorities should be stressed in the traffic safety policy. Next, the according weighting value combination can be chosen to rank and select the most dangerous accident locations. Furthermore, the use of Bayesian estimation values in stead of historic count data to rank the accident locations can overcome the problem of random variation in accident counts and will also have an important effect on the selection of the most dangerous accident locations. Accordingly, the use of Bayesian estimation values could prevent the government from investing a considerable amount of money in less dangerous accident locations while other dangerous locations are not even considered for redesign.
In future research, we will not only investigate the effect of changing the weighting values, we will also analyze the influence of the number of passengers on the ranking of the accident locations. Finally, it is important that in future research we try to take into account the problem of underregistration. 
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